Microarray provides a large scale gene selection platform in post-genomics era. However biological verification of computational results is also time consuming. In this paper we apply computational methods to select novel and significant spermatogenesis-related genes based on microarray data from our research group and confirm them by other microarray dataset. Known and novel unclear genes are tested in our experiments and the consistency of expression profiles of selected genes during development from different microarray datasets demonstrates the effectiveness of the method.
Introduction
Sperm development, termed spermatogenesis, is characterized by a mitotic (spermatogonia), a meiotic (spermatocytes) and a differentiative haploid (spermatids) phase. The understanding of the biological function of key genes during spermatogenesis is helpful for the treatment of male sterility caused by abnormity of sperm development, protecting from withering of male sexual potency, and offering new contraceptive targets and health care drugs [1] . The identification of genes encoded proteins that play specific roles in different steps of germ cell development should shed fresh light on the mechanisms analysis of spermatogenesis. The list of genes that are involved in the mammalian spermatogenesis is rapidly growing. For example, CERM [2] , tesmin [3] , MSJ-1 [4] , Soggy [5] , SP-10 [6] , mTSARG3 [7] , SRG4 [8] , TESF-1 [9] have been proved to be the spermatogenesis-related genes in previous study.
To know how genes are controlled to express at the exact time and which genes function uniquely in special cells during spermatogenesis, an important step is taken to define gene profiles. The advent of DNA microarray technology has offered the promise of casting new insights onto deciphering secrets of life by monitoring activities of thousands of genes simultaneously. DNA microarray is a useful, high throughput method, which provides a platform to evaluate the abundance of genes in parallel, allowing monitoring changes in gene expression during developmental events [10] . Sha et al [11] have compared gene expression profiles between adult and fetal human testes by the use of a self-made cDNA chip that comprised of 9,216 genes. 731 different expressing genes have been characterized comprising of 54 known genes, in which 18.52% were exclusively expressed in spermatogenesis. Guo et al. [12] isolated six different types of spermatogenic cells (primitive type A spermatogonia, type B spermatogonia, preleptotene spermatocytes, pachytene spermatocytes, round spermatiss and elongating spermatids) from Balb/C mice testes. Atlas cDNA arrays containing 1,176 known mouse genes were used to determine the gene expression profiles of the spermatogenic cells. The expressions of 260 genes were detected and 115 genes show differential expression in six different stages of the spermatogenic cells.
Recently, we have isolated testis from 4, 9, 18, 35, 54 days and 6 months old Balb/C mice. cRNAs prepared from these testis samples have been hybridized with commercially available GeneChip Mouse Genome 430 2.0 Array (Affymetrix Inc.) chip, which contained 34,000 known mouse genes and 8,000 unknown genes or ESTs (Expressed Sequence of Tags), and thus spanning the whole mouse genome. In mining the microarray data, we identified 2058 gradually up-regulated transcripts from four days to six months of testis samples. These transcripts, including some known and unknown genes or ESTs, should be related to mouse testis development and spermatogenesis as discussed in our previous work [13, 14, 15] . However the characteristics of some differently expressed transcripts by manual analysis and the confirmation of authenticity with semi-quantitative RT-PCR are limited to small scale data analysis and time consuming.
In this paper, basing on our microarray data, we apply computational methods to find novel and significant spermatogenesis related genes and confirm them with other microarray dataset. Our test on known and unclear genes demonstrates the capacity of large scale computational data analysis and strong correlation confirmed between microarray datasets from different research groups.
Materials and methods

Novel and Significant Spermatogenesis-related Gene Selection and Confirmation
In our previous work [15, 13, 14] , 2058 differential expression genes are selected and some novel genes are investigated. However the characteristics of these differently expressed transcripts by manual analysis and the confirmation of authenticity with semi-quantitative RT-PCR are limited to small scale data analysis and time consuming. Here we give a further analysis on the microarray data using computational methods for large scale gene selection and confirmation by other microarray data.
Novel gene selection
GeneChip Mouse Genome 430 2.0 Array (Affymetrix Inc.) chip includes ∼ 34, 000 known mouse genes and ∼ 8, 000 unknown/unclear genes or ESTs. We selected novel genes according to the gene symbol item from the annotation file of the chip, i.e. the gene/EST is novel if there is no one gene symbol item for the probe in the annotation.
Significant Gene Selection
Here we used the max-min ratio across all samples to select significant genes where max and min correspond to the maximum and minimum expression levels of each gene. The max-min ratio is defined as
Confirmation with Other Microarray Data
According the GeneChip Mouse Genome 430 2.0 Array, we found one microarray data [16] 
Experimental Results
For our microarray dataset as described in [15] , here we set floor value as 100 and ceiling value as 16, 000 in preprocessing.
The final data is a 2058 × 6 matrix. The confirmation data for same 2058 genes from the GSE4193 dataset is extracted and the average value of each gene at every time point is calculated. Then the data is formed in a 2058 × 4 matrix. As a demonstration, we first selected 5 top genes from known genes and unknown genes, respectively based on our microarray. And then we selected same genes from the GSE4193 dataset. The selected 5 top known genes are listed in Table 1 and 5 top unknown genes in Table 2 , respectively.
For confirmation, all gene expression levels are shown in Figure 1 . In the 5 top known genes, two genes (gene Tcte3 with index no. 315 and gene Ldhc with index no. 25) have low levels at times courses day 4 and 9 while they have high levels at and after day 18 from our microarray data as shown in Figure 1-(b) . The expression levels of these two genes from the GSE4193 dataset also have similar trends with break-point at day 8 as shown in Figure 1 -(d). Other 3 genes (gene Tnp1 with index no. 1024, gene Prm2 with index no. 1020 and gene Tnp2 with index no. 1060) have the break-points at day 18 for our microarray data and at day 11 for the GSE4193 dataset. In summary, the 5 top known genes have consistent expression profiles in two different microarray datasets. And this provides a confirmation for our gene selection from our microarray data. For the 5 top unknown genes, the consistency of expression profiles is also indicated from Figure 1 -(a) and (c). For example, three genes (Nos: 4, 158 and 667) have high expression levels at three time points (day 35, day 54 and month 6) from our dataset and at two time points (day 11 and day 26) from the GSE4193 dataset.
In order to quantify the strength of correlation of selected genes on two different datasets, we calculated the pairwise linear correlation coefficient matrices of known and unknown genes on two datasets, respectively. For calculation, the expression levels of the first four time points in our dataset are used. The results are shown in Tables 3 and 4 , respectively. In each table, the 5 × 5 coefficient matrix, the (i, j)-th element reflects the linear correlation strength of i-th gene in our dataset and j-th gene in GSE4193 dataset and each diagonal element reflects the correlation strength of same gene between two datasets. From Table 3 , we can see that two genes (Nos: 315 and 25) have strong correlations (with values > 0.9 underlined) between two datasets and other 3 genes (Nos: 1024, 1020 and 1060) do. And this is consistent with results of the expression profiles in Figure 1-(b) and (d) . From Table 4 , we can see that four genes (Nos: 4, 158, 303 and 667) have strong correlations (with values > 0.8, underlined) between two datasets. This is also consistent with the results from Figure 1 (a) and (c).
Conclusions
We applied computational method for gene selection and confirmation in spermatogenesis with microarray datasets. We selected significant known and unknown genes from our microarray data and confirmed them with other microarray data. The consistency of expression profiles of all selected genes within two microarray datasets demonstrates the effectiveness of the method and it provides a strategy for large scale gene selection and confirmation with microarray data.
For future work, we will consider other advanced gene selection methods and integrate more genomical data for system analysis. Furthermore, we will investigate the function of selected genes and confirm it with comprehensive experiments. 
